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Originally developed using MSC Nastran, followed by development efforts in SolidWorks Simulation, ANSOFT, ANSYS, and other commercial FEA software packages, a team of researchers, with National Science Foundation support, have created over twenty-eight active learning modules. We will discuss the implementation of these learning modules which have been incorporated into undergraduate courses that cover topics such as machine design, mechanical vibrations, heat transfer, bioelectrical engineering, electromagnetic field analysis, structural fatigue analysis, computational fluid dynamics, rocket design, and chip formation during manufacturing, and large scale deformation in machining.
The findings in this paper includes statistical results for each module which compare performance on pre-and post-learning module quizzes to gauge change in student knowledge related to the difficult engineering concepts that each module addresses. Statistically significant student performance gains provide evidence of module effectiveness. In addition, we present statistical comparisons between different personality types (based on Myers-Briggs Type Indicator, MBTI, subgroups), different learning styles (based on Felder-Solomon ILS subgroups), and gender and ethnicity in regards to the average gains each group of students have made on quiz performance. Although exploratory, and generally based on small sample sizes at this point in our multi-year effort, the modules for which subgroup differences are found are being carefully reviewed in an attempt to determine whether modifications should be made to better ensure equitable impact of the modules across students from specific personality and/or learning styles subgroups (e.g., MBTI Intuitive versus Sensing; ILS Sequential versus Global).
Introduction
As educators advance engineering education, active learning approaches are becoming preferred choices for addressing how students struggle with complex topics in engineering, Page 26.145.3
especially as a function of their backgrounds, demographics, and personality type. In order to move beyond the typical road bumps encountered when teaching difficult concepts, contemporary methods are being developed that seek to engage students actively, inside and outside the classroom, as well as kinesthetically through the various human senses. Such approaches have the potential to improve student comprehension and knowledge retention, and most importantly, to increase students' interest in the material 1 .
Assisting students in the learning of imperative analysis tools is especially important with current advanced techniques used in industry. One such technique is finite element analysis. The finite element (FE) method is widely used to analyze engineering problems in many commercial engineering firms. It is an essential and powerful analytical tool used to design products with ever shorter development cycles [2] [3] [4] . Today this tool is primarily taught at the graduate engineering level due to the fact that FE theory is very mathematics-intensive which in the past has made it more suitable for graduate engineering students who have a more rigorous mathematical education. This limitation has changed most recently with the advent of high speed inexpensive computers and workstations and fast algorithms which simplify the FE software. Introducing new material into the already packed 4-four year engineering programs poses challenges to most instructors. The need for integrating FE theory and application across the engineering curriculum has been established and methods have been suggested by other engineering 6 -4 authors . This paper discusses the technique of designing finite element active learning modules (ALM) across many areas of engineering and the success of these modules in improving the student's understanding of the engineering concepts and of the finite element analysis technique. Previous authors over the past six years have reported their success in using their finite element learning modules [7] [8] [9] [10] [11] [12] [13] [14] [15] .
The primary focus of this paper is to report the incremental student improvement in engineering learning from using many of the twenty-eight FE learning modules in nine specific areas of engineering at nine engineering colleges and universities over the past six years. This paper is an update of the research reported in an earlier ASEE paper. This paper also reports the initial findings on the effects of student personality types on improvement in specific engineering areas of these ALMs.
An important goal for this work is to educate a diverse undergraduate group of engineering students with the basic knowledge of FE theory, along with practical experience in applying commercial FE software to engineering problems. The lack of experience in using numerical computational methods in designing solutions to structural, vibrational, electromagnetic, biomedical electromagnetics, computational fluid dynamics, and heat transfer is a noted problem for some engineering graduates [16] [17] . The Accreditation Board for Engineering and Technology, Inc. (ABET, Inc.) expects engineering graduates to have "an ability to use the techniques, skills, and modern engineering tools necessary for engineering practice" such as FE analysis 18 . Hence, Page 26.145.4
engineering schools have, or are planning to add FE analysis to their curricula, but these plans are not occurring fast enough to meet the demand of firms competing in the global economy [19] [20] [21] [22] [23] [24] [25] .
All learning modules developed in these six years of work are available free to all USA engineering educational institutions on http://sites.google.com/site/finiteelementlearning/home.
Initially, we developed FE learning modules in six engineering areas: (1) structural analysis, (2) mechanical vibrations, (3) computational fluid dynamics, (4) heat transfer, (5) electromagnetics, and (6) biometrics. To evaluate these "Proof of Concept" modules, they were integrated into existing courses in the corresponding subject areas. Faculty and students initially assessed their effectiveness at three higher educational institutions. We included student demographic data, learning style preference data and MBTI data in the surveys' conducted on these initial twelve learning modules, but found that the sample size was in most instances too small to develop any statistically meaningful analysis.
In the second Phase 2 work we expanded our FE learning modules to an additional three engineering areas: (7) fatigue analysis, (8) manufacturing process analysis and (9) manufacturing forming analysis. We continued to integrate these learning modules into existing courses in the corresponding areas. Faculty and students were asked to evaluate the effectiveness of these additional sixteen new learning modules with web-based personality learning assessment surveys in addition to the demographic, and student profile surveys. Small sample sizes are still a concern in the learning personality style analysis, but we are working toward combining all data for a specific learning module (e.g. "Curved Beam Learning Module" administered with minor changes over four years to obtain larger sample sizes to analyze. We are hopeful that as larger, and more diverse engineering colleges and universities join us in this work; their larger student populations will support statistically significant analysis of diverse student learning styles and MBTI personality analysis for these twenty eight ALMs.
Methodology
The following methodology was used in analyzing the data:
1. Dependent samples t-tests were conducted in order to analyze whether or not exposure to the module significantly improved student performance on the pre-post measure, given before and after module implementation. 2. Independent samples t-tests were conducted to compare improvement on the pre-post measure for each personality type, learning style, ethnicity, and gender subgroup. The purpose was to examine whether or not any subgroup might have benefitted more (i.e., improved more from pre-test to post-test) from exposure to a module than another. 3. Beginning in the third year of implementation, Mann-Whitney analyses were conducted in addition to the independent samples t-tests. These analyses are generally more stringent than t-tests and do not assume that the scores in the population are normally Page 26.145.5
distributed. The assumption of normal distribution is generally made when samples sizes are larger (i.e., justified by the Central Limit Theorem). The Mann-Whitney analyses were appropriate to utilize for the current study because the sample sizes being analyzed tended to be small.
Student Improvement and Learning Styles (Phase II Year 2)
We administered twelve of the Phase 2 FE ALMs during the second year of this research and focused on measuring both student learning content using the pre and post learning module quizzes and student learning bias toward a specific Myers Brigg Type Indicator ( Overall Student Improvement Average 32.33% 1 Percent (%) Improvement = [(post-quiz score -pre-quiz score)/pre-quiz score] * 100 2 Felder-Soloman Index of Learning Styles (ILS); Myers Brigg Type Indicator (MBTI) ** Sufficient evidence of statistically significant improvement or subgroup differences (p < 0.05) * Moderate evidence of statistically significant improvement or subgroup differences (0.05 ≤ p < 0.10) ^ The sample size for one group is extremely small, so the results should be viewed with caution Page 26.145.8
The average improvement for the twelve learning modules administered was 32.33% where the number of students tested is shown as n and the quiz scores (both pre and post) are out of 100%. For reference, a sample twelve question pre/post quiz for the Thermal FEA Learning module is included in Appendix A; the same quiz is given both pre-and post-learning module activity. Three of the twelve FE learning modules showed moderate evidence of improved student performance (.05 ≤ p < .10) as noted in Table 1 by *. Seven of the twelve FE learning modules showed sufficient evidence of improved student performance (p<0.05). Two of the twelve FE ALMs showed insufficient evidence of improved student performance (i.e. p = 0.523 and p = 0.397). The authors of these two FE learning modules will be working to improve their FE learning modules, assessment quizzes and other instruments to improve their students' performance.
As shown in Table 1 , five of the FE learning modules showed no evidence of subgroup difference upon analysis of the MBTI and ILS surveys taken by the students, therefore these modules were considered ideal in their handling of the student subgroups taking the quizzes. Six of the remaining FE learning modules show statistically significant subgroup differences (p <0.05) for the MBTI and ILS student survey data.
Regarding the subgroups mentioned in the last column of Table 1 , extroverts tend to take initiative and gain energy from interactions, whereas introverts prefer more of a relatively passive role and gain energy internally from cognition; sensors tend to process information with their focus on their five senses and the environment, whereas intuitors tend to focus on the possibilities of the information and see the big picture; perceivers prefer to be sure all data are thoroughly considered, whereas judgers summarize the situation as it presently stands and make decisions more quickly; and a sequential learner tends to gain understanding in linear steps, whereas a global learner tends to learn in large jumps, suddenly "getting it". Table 2 presents similar results for the Phase 2, Year 3 Learning Modules (2012-2013). It can be seen that ten of the eleven learning modules showed sufficient evidence of improved student performance (p<0.05) as indicated by the ** in Table 2 . The average improvement for the eleven learning modules administered was 27.71%. 
Student Improvement and Learning Styles (Phase II Year 3)

Gender and Ethnicity Differences (Phase II Year 3)
Due to small sample sizes, it was not possible to compare gender and ethnicity differences in delta (i.e., change from pre-test to post-test scores) within every module implemented. During Phase II Year 2 of this project, ethnicity differences were not analyzed due to low representation by various ethnic groups. In addition, the students introduced to these modules were predominantly male and therefore only one module from Phase II Year 2 was analyzed for gender differences (Table 3) . There was insufficient evidence (p>.05) to support differences in change from pre-to post-test scores (i.e., delta) by gender in the module analyzed. Specifically, the change in score from pretest to post-test was not significantly different for male and female students. An important limitation to note in the above analysis is the small sample sizes. With only 7 male and 7 female students represented, the statistical power to detect subgroup differences was too low to confidently rule out subgroup differences; however these preliminary results suggest that this module did not appear to favor students of one gender over the other.
Again, due to small sample sizes, it was not possible to compare gender and ethnicity differences in delta (i.e., change from pre-test to post-test scores) within every module implemented. During Phase II Year 3 of this project, gender differences were not analyzed due to low representation by female students.
Due to low representation of various ethnic groups, the six modules listed in Table 4 were the only modules analyzed from Phase II Year 3 looking at ethnicity. In addition, only the Asian/Pacific Islander and White/Caucasian students were compared due to their similar sample sizes. Page 26.145.11 There was insufficient evidence (p>.05) to support differences in change from pre-to post-test scores (i.e., delta) by ethnicity in the modules analyzed. Specifically, the change in score from pre-test to post-test was not significantly different for Asian/Pacific Islander and White/Caucasian students. Once again, it is important to highlight the small sample sizes in the above analyses. With these small sample sizes, the statistical power to detect subgroup differences was too low to confidently rule out subgroup differences; however, these preliminary results suggest that these modules did not appear to favor students of one ethnicity over the other.
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Student Improvement and Learning Styles (Phase II Year 4)
We administered eight of the Phase 2 FE ALMs during the fourth year of this research and focused on measuring both student learning content using the pre and post learning modules quizzes and student learning bias toward a specific Myers Briggs Type Indicator (MBTI) or Index of learning Style and only one of these modules showed a bias toward a specific MBTI or Index of Learning Styles
The eight FE learning modules analyzed during the fourth year of this research were: We will continue to pursue differences in student improvements by gender and ethnicity differences as the data becomes available. It was not possible to compare gender and ethnic differences this third year due to small sample sizes. The results of the analysis for the eight learning modules are shown in Table 5 below. 
Conclusions and Future Efforts
This paper summarizes the results from three years of a Phase 2 NSF grant (2011-2012, 2012-2013, and 2013-2014) . Of particular significance is the student improvement in the pre-learning module versus post learning module -quiz scores. Specifically, these student improvements were 32.33% for academic year 2011-2012, 27.7% for academic year 2012-2013 and 49.26% for academic year 2013-2014. We will begin the process of analyzing the student improvement each of four years for each module and intend to summarize this in a future paper. Since these learning modules are designed to supplement traditional lecture material in order to reinforce Overall Student Improvement Average = 46.77% p: t-test results; M Wp: Mann-Whitney results 1 Percent (%) Improvement = [(post-quiz score -pre-quiz score)/pre-quiz score] * 100 2 Felder-Soloman Index of Learning Styles (ILS); Myers Brigg Type Indicator (MBTI) ** Sufficient evidence of statistically significant improvement or subgroup differences (p < 0.05) * Moderate evidence of statistically significant improvement or subgroup differences (0.05 ≤ p < 0.10) ^ The sample size for one group is extremely small, so the results should be viewed with caution Page 26.145.14 concepts that are typically difficult for students to understand, the authors believe that these student improvement performances are significant.
We also reviewed the second goal of this research in analyzing differences in personality types based upon Myers-Briggs Type Indicator, MBTI differences in learning styles based upon Felder-Solomon ILS subgroups. Our preliminary results were from the academic year 2011-2012 resulted in five out of twelve modules exhibited differences in subgroup MBTI behavior and only one module exhibited differences in subgroup learning style ILS behavior. Our results were during the academic year 2012-2013 we found four out of eleven modules exhibited differences in MBTI behavior and only two out of eleven exhibited differences in learning style ILS behavior. Our results during the academic year 2013-2014 two out of the seven different learning modules exhibited differences in MBTI and learning styles ILS behavior. We continue to analyze these differences and attempt to quantify these results in our next paper.
While somewhat challenged in finding meaningful results regarding the effects of the learning modules on different learning styles, genders, and ethnicities, primarily due to small sample sizes, the authors are continuing to gather data in order to increase these sample sizes. The goal is to gather and analyze data from several institutions in order to assess the pre-and post-quiz scores to determine if any MBTI or ILS types, genders, or ethnicities perform significantly better than their counterparts. In cases where they do perform significantly better, we intend to offer the learning module author suggestions on how to refine the learning modules (either in content or implementation process) in order to attempt to minimize the differences in performance across these types, while maintaining a high level of increase in performance as indicated by improved quiz performance after completing the learning modules for a vast majority of students. 
